This paper analyzes the average effect of involving academics as inventors on the technological importance of firms' patents. Drawing on a database of Swedish academic patents, a quasi-experimental design is employed by matching firms' academic and non-academic patents on a set of patent characteristics. The findings point to a negative effect of academic inventors on the technological impact of firms' patents. Results moreover show a positive effect of academic involvement on the generality of firms' patents, indicating a more widespread impact. The persistence of firms' academic patents, measuring the extent to which patents' knowledge is spread and retained in subsequent inventions, also show a positive effect of academic involvement. These findings suggest that firms on average involve academics in early stages of technology development.
Introduction
Policy and research have devoted increasing attention to the role of universities and academics as contributors to industrial innovation, highlighting the positive impact of academic research and university-industry interaction on firms' innovative performance (e.g. Cohen et al., 2002; Klevorick et al., 1995; Mansfield, 1991 Mansfield, , 1998 . Previous research has focused on the relation between firms and academics, mainly providing empirical evidence on the perceived importance of i) universities in comparison to other external sources of knowledge and innovation, such as suppliers and consumers (e.g. Cohen et al., 2002; Mansfield, 1991 Mansfield, , 1998 ; ii) different mechanisms through which academics contribute to industrial innovation, such as consulting or joint research (e.g. Bekkers and Bodas Freitas, 2008; D'Este and Patel, 2007; Schartinger et al., 2002) ; and ii) different types of benefits derived from university interaction, such as technological problem-solving and access to research results (e.g. Bishop et al., 2011; Lee, 2000; Meyer-Krahmer and Schmoch, 1998; Schartinger et al., 2001) .
Beyond these types of studies, some authors have focused on the relation between academic inventors and commercialization success of firm inventions. In this regard, Agrawal (2006) shows that engaging the academic inventor in the commercialization process when licensing university patents increases the likelihood and extent of commercial success. Similarly, Zucker and Darby (1996) have found that collaboration between firms and star scientists is related to the success of the firm.
From existing literature we thus know that academics contribute importantly to the innovative and commercial performance of firms and that they do this through a set of different mechanisms and roles. Arguably, to a large extent academics contribute to firms' innovative performance by being involved directly in their R&D activities, creating and developing inventions together with or at the commission of firms. But what characterizes the inventions that firms involve academics in? And in what ways do academics affect the inventions they are involved in? These types of questions are not addressed by existing literature, but are important for understanding academics' contribution to firm inventiveness. This paper explores the relation between academics and firms' inventions, investigating in what ways academics involved in firms' inventive activities "affect" the actual inventions.
1 Accordingly, I analyze the effect of involving academics in firm patents, in terms of how the technological importance differ between firms' academic and non-academic patents. In this paper, academic patents denote all patents, regardless of owner, involving inventors affiliated with academia.
2 Technological importance refers to the influence of an invention on subsequent development, in terms of the extent to which subsequent inventions builds and extends upon some part of the knowledge inherent in the invention (c.f. Jaffe and Trajtenberg, 2002) .
Patents are useful for studying technological importance since citations to prior patents provide a "paper trail" of knowledge flows between inventions (cf. e.g. Jaffe and Trajtenberg, 2002; Marco, 2007; Thursby et al., 2009) . To the extent that patent citations reflect knowledge flows, studying patents in this way provides an "objective" analysis of inventions' technological importance. Previous studies have focused on comparing the technological importance of university-owned and firm-owned patents (e.g. Bacchiocchi and Montobbio, 2009; Henderson et al., 1998; Sampat et al., 2003; Sapsalis et al., 2006) . This paper is, however, the first to compare firms' academic and non-academic patents, in order to analyze the effect of involving academics 1 This paper builds and extends upon a recent study conducted by the author together with Maureen McKelvey (see Ljungberg and McKelvey, 2010) , where we investigate the characteristics of firms' academic patents. The purpose, research questions and method of the present paper, however, differ from that study.
2 "University patent" accordingly denotes university-owned patents.
in firm inventions.
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Previous studies investigating differences between different types of patents have focused on indicators of technological importance based on direct citations (e.g. Bacchiocchi and Montobbio, 2009; Henderson et al., 1998; Sampat et al., 2003; Sapsalis et al., 2006; Thursby et al., 2009). 4 In this paper, I include two commonly used indicators based on direct citations: technological impact, as indicated by the number of citations from subsequent patents (forward patent citations); and the generality of the impact, in terms of the extent to which citing patents are spread across different technological fields. However, relying only on direct citations may significantly underestimate the technological importance of specific patents, due to, among other things, the largely incremental nature of inventions (e.g. Fontana et al., 2009) . Therefore I follow Martinelli (2010) by introducing indicators that capture the "persistence" of an invention's knowledge. Persistence refers to the extent to which a patent's knowledge is spread and retained in its subsequent patents, indicating the degree of reuse of a patent's original knowledge throughout subsequent patents. Thus, technological importance in this paper captures not only the influence an invention has on the subsequent inventions directly building upon it but also the indirect influence it has throughout the network of subsequent inventions.
The empirical analysis in this paper is conducted by employing a quasi-experimental design and is based on a database of Swedish academic patents (see Lissoni et al., 2006) . I use the matching estimators developed by Abadie et al. (2004) and Abadie and Imbens (2006) , which matches each academic patent with similar non-academic patents on a set of specified characteristics in order to estimate the average effect of academic involvement. The basic idea is to create a control group consisting of non-academic patents that are identical or highly similar to a corresponding academic patent on a number of important patent characteristics. This makes it possible to draw inferences about the casual effect of academic involvement on the technological importance of firm patents. To my knowledge, this paper is the first that employs such a quasi-experimental design for studying patents, and thus the first that tries to draw inferences about the casual effect of academic involvement on the technological importance of firm patents.
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The structure of this paper is as follows. Section 2 derives a set of hypotheses. Section 3 outlines the research approach, as well as presents the data and variables used. Following, Section 4 presents the results, while Section 5 discusses the findings and concludes the study.
Hypotheses
A patent describes a claimed novel solution to some (real or assumed) technological problem that has some industrial usefulness. A patent application cites relevant prior art to restrict the patent's claim of novelty, mainly in the form of references to prior patents. In a legal sense, the purpose of these citations is to delimit the knowledge described in the patent in terms of which parts are claimed to be a novel contribution of the patent and which parts have been claimed by previous patents or other references (Guellec and van Pottelseberghe, 2007) . In this way, the citations included in a patent application can be seen as representing some prior knowledge, which the patent builds and extends upon (e.g. Jaffe and Trajtenberg, 2002; Michel and Bettels, 2001 ). Thus, a citing patent draws on some piece of knowledge from the cited patents, which means that citations can be seen as links through which patents "inherits" some piece of knowledge from previous patents.
Patents are accordingly assumed to provide a paper trail of knowledge flow between inventions that can be traced and analyzed by studying patent citations (e.g. Marco, 2007; Thursby et al., 2009) . Analyzing patent citations within specific technological fields usually reveals networks of patent citations, in which each patent is a node that through citations inherits some pieces of knowledge from previous patents. 6 Following from the view of technological change as a cumulative process in which each advance builds upon the body of knowledge that precedes it, patent citation networks can be seen as representing the technological development of specific fields (cf. e.g. Fontana et al., 2009; Martinelli, 2010) .
The most straightforward, and accordingly most common, way to analyze citations is to simply count the number of citations a patent has received from subsequent patents (forward citations). 7 The more subsequent patents that cite a focal patent the higher the impact of that patented invention, in the sense that more inventions draw on (some part) of the knowledge claimed in that patent. Following from this, this paper use forward patent citations as an indicator of an invention's technological impact (cf. Trajtenberg et al., 1997) . 8 In addition to technological impact, I include two other indicators of patents' technological importance. First, I analyze the "generality" of impact, in terms of the extent to which subsequent patented inventions are spread across different technological classes (see e.g. Hall et al., 2001; Trajtenberg et al., 1997) . Second, I follow Martinelli (2010) by analyzing the extent to which patents' knowledge persist throughout the network of subsequent patents. Seeing citations as links through which patents inherits some piece of knowledge from previous patents, it follows that some piece of knowledge, originating in a focal patent, persists within the network of subsequent patents. Hence, persistence refers to how much of a patent's knowledge is spread and retained in subsequent patents, indicating the degree of reuse of the original knowledge within the network of subsequent patents. This indicator is thus used in order to capture the indirect influence a patent has on the network of subsequent inventions.
The three indicators are not necessarily mutually exclusive, but indicate different aspects of a patent's technological importance. Technological impact refers to the direct usefulness of a patent for further development. Generality can be seen as indicating the "breadth" of this impact, in the sense that a higher generality suggests a widespread impact influencing subsequent inventions in a broader set of fields. Similarly, persistence is rather related to the "depth" of the impact, since it indicates the impact down the line of subsequent patents. The higher the persistence of a patent, the more important it has been for subsequent technological development. Also, higher persistence indicates that the patent is found earlier in the technological development than patents with lower persistence, since the higher persistence suggests that the patent's knowledge has been spread and retained in a longer chain of subsequent patents. 
Technological importance of firms' academic inventions
This subsection derives hypotheses on the effect academic inventors have on the technological importance of firms' patents. As any human, academics draw on their prior knowledge when 6 Metaphorically, it is in this way possible to view citations as representing a transfer of genes (piece of knowledge) from a "parent" patent to its "descendants" (Martinelli, 2010) . 7 In other words, counting the number of direct "descendants" of the patent. 8 This indicator has been interpreted and referred to in a number of other ways in the literature, such as the "quality" or "value" of the patent, since the number of citations has been shown to be positively related to e.g. the economic value of patented inventions (e.g. Gambardella et al., 2008) . 9 See Section 3 for further details.
conducting creative work, such as inventing (c.f. Shane 2000) . Thus, it is reasonable to assume that academics to a large extent draw on science and their scientific skills when they work as inventors, both inside and outside the firm. 10 This assumption is corroborated by antecedent studies showing that academic involvement in patenting is related to stronger scientific links, as demonstrated by patent citations to scientific publications (e.g. Czarnitzki et al., 2008; Sapsalis et al., 2006) .
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Accordingly, the potential effect of academic involvement in firm inventions has to do with the effect of employing science in the inventive process. Fleming and Sorenson (2004) suggest that scientific knowledge changes the inventive process by providing an understanding of the fundamental problem that the invention seeks to solve. By generating and testing theories, thus attempting to predict untried experiments and the usefulness of previously untested solutions, science guides the inventor(s) to more useful inventions with higher technological impact (cf. Fleming and Sorenson, 2004) .
Following the proposition by Fleming and Sorenson (2004) , and assuming that academics draw on their scientific skills, would thus imply that firms' academic patents, on average, have higher technological impact compared to their non-academic patents.
12 However, in the cases where academics are involved at later stages of the inventive process, for example assisting the firm in technical problem-solving, the potential for the academics to significantly influence the resulting invention by drawing on science would be limited. Perkmann and Walsh (2009) suggest that academics are mostly involved in ongoing firm projects, rather than contributing by providing ideas and new technologies. Indeed, recent research points to that firms perceive assistance in problem-solving as a major benefit of university collaboration (Bishop et al., 2011) . Nonetheless, I propose that academics self-select into collaborative projects which results in inventions with higher technological impact.
13 As a member of the scientific community, the perceived scientific value of the collaborative project is important for academics when choosing to engage in it. The reward system of the scientific community is based on priority of discovery, which is rewarded through peer recognition (Merton, 1973; Stephan, 1996) , and gives academics incentives to openly and readily disclose research results through publications. Thus, one important motivation for academics to engage in different activities is the perceived scientific value of doing so, in terms of gaining benefits that, directly or indirectly, might lead to publishing.
14 At the same time, academics face opportunity costs when engaging in firm collaboration, in the sense that the time spent on firms' inventive activities is time that could have been spent on academic research leading to scientific publications. In this way, due to their intrinsic motivation and the opportunity costs they face, academics can be expected to "selfselect" into those firm collaborations from which they can gain valuable scientific benefits, such as ideas for future research. 15 This suggests that academics get involved in firm inventions with relatively high technological impact, since these ought to offer more opportunities for gaining (valuable) scientific benefits as opposed to more "mundane" inventions. Following the argumentation presented above, I propose that firms' academic patents, on average, have higher technological impact compared to their non-academic patents.
16 Accordingly, I put forward the following hypothesis:
H1 Firms' academic patents, on average, have higher technological impact, as compared with firm patents without academic involvement.
While academics involved only at later stages of the inventive process might not be able to significantly influence the resulting invention in terms of technological impact, they still ought to be able to influence the direction of the inventive activities, and thus the knowledge content of the invention. As argued previously, it is reasonable to expect that academics contribute to firms' inventions with their specific (scientific) knowledge and skills, which are different from the internal resources of the firm. This means that that an academic patent is a combination of the firm's internal knowledge and skills and those of the involved academic. In this way, the invention ought to be more complex in terms of knowledge sets, or "multi-disciplinary", compared to the firm's non-academic patents. This in its turn suggests that these inventions, in terms of underlying problems and solutions, have a wider potential usefulness and thus that they ought to have a more widespread impact. Thus, firms' academic patents should be more general, since they include a wider knowledge base.
17 This leads to the following hypothesis:
H2 Firms' academic patents , on average, have higher generality, as compared with firm patents without academic involvement.
Moreover, the hypothesized higher, and more widespread, technological impact of firms' academic patents suggests that these to higher extent ought to be able to spread part of its knowledge to subsequent patents. Thus, I propose that:
H3 Firms' academic patents, on average, have higher persistence, as compared with firm patents without academic involvement.
Research approach and data
This paper uses a quasi-experimental design to analyse the effect of a treatment (academic involvement) on a sampled population (firms' patented inventions) in terms of a set of specific outcomes (technological importance). The central problem when analysing the effect of treatment is to estimate the "counterfactual" outcome, which in this paper means to estimate the technological importance of firms' academic patents had academics not been involved. Since the counterfactual outcome is not observable, it has to be estimated by analysing a control group further their own research also in other ways such as gain insights into industrial problems (D' Este and Perkmann, 2010) . 16 Related to this, a recent study by Czarnitzki et al. (2008) shows that, for the German case, academic patents are associated with higher technological impact in terms of receiving more forward citations, as compared to a control sample of randomly selected non-academic patents. They do not, however, distinguish between academic patents having different types of owners and therefore their results do not shed any light on the effect of academic inventors on firms' patents.
17 Related, research on the effect on innovation performance of scientific links has indicated that such links results in higher generality of firms' patents (Cassiman et al., 2008) .
of firms' non-academic patents.
18 Directly comparing the technological importance of firms' academic and non-academic patents is problematic, since academic involvement (treatment) might be related to some characteristic that is also correlated with technological importance (outcome).
19 This makes it difficult to distinguish the effects of the treatment on the outcome from the effect of other characteristics when directly comparing two groups (cf. e.g. Heckman 1979 Heckman , 1990 . Turning to the descriptive statistics in Table A4 in the appendix, there seems to be a significant difference between the academic and non-academic patents on several of the variables, indicating that academic involvement might not have been at random. To be able to infer the effect of academic involvement, it is therefore necessary to create a control group of firms' non-academic patents, which are sufficiently similar to the focal academic patents.
One way to create such a control group is through matching, which can be defined as any method used for selecting treatment cases and control cases with similar observable characteristics (covariates) (e.g. Stuart 2010 ). The purpose of the matching procedure is to infer a "counterfactual" control group, by matching treatment with control cases based on either the covariates X (e.g. Abadie and Imbens 2006; Rosenbaum 1995) or on the so-called propensity score p (e.g. Deheija and Wahba 2002; Rosenbaum and Rubin 1983) .
20 Put formally, the causal effect of academic involvement on a patent's technological importance is Y= Y1-Y0, where Y1 denotes the importance of a firm's academic patent and Y0 denotes the unobservable counterfactual. The aim of matching is thus to infer these counterfactuals by matching each treatment case (academic patent) to one, or more, control cases (non-academic patent), which are identical, or highly similar, to the treatment case on a set of observable characteristics X. In other words, the matching is conducted to get similar distributions of the covariates for the two groups, thereby making it possible to draw inferences about the casual effect of academic involvement on the technological impact of firm patents. After matching, the observed average difference between the groups (average treatment effect) can be attributed to treatment since the potential effect of the covariates on the outcome has been accounted for. 21 Several alternative matching approaches, used for minimising the difference between treatment and control groups in terms of the distribution of covariates, have been proposed (for an overview see e.g. Imbens 2004; Morgan and Harding 2006; Smith and Todd 2005) . In this paper, I apply the matching estimator provided by Abadie and colleagues (Abadie et al. 2004; Abadie and Imbens 2006) , implementing nearest neighbour matching. This estimator constructs the counterfactual using the control cases that are closest to the treatment case in terms of minimising the distance of the covariates. 22 The main reason for choosing this approach is that it, in 18 In a quasi-experimental design the aim is to by statistical means "produce" the counterfactual outcome of the treated cases. The counterfactual refers to the hypothetical outcome had no treatment been given and are used for evaluating the effect of treatment. In "pure" experiments, forcing some cases to not take part of the treatment, i.e. assigning them to a control group, directly produces the counterfactual. An experimental design requires a random selection of a finite population: by the law of large numbers, the random selection will produce treatment and control groups with similar distributions of characteristics and hence the control group provides a counterfactual outcome. Quasi-experimental design is instead used when the selection is non-random (see Campbell and Stanley 1963; Shadish et al. 2002) . The involvement of an academic inventor is a choice made by someone and the selection of firm patents as academic is non-random.
19 This is commonly referred to as "selection bias" (Heckman 1979 (Heckman , 1990 . 20 Covariate matching constructs the counterfactual using the control cases that are closest to the treatment case in terms of minimising the distance of the covariates. The propensity score approach instead reduces the set of observable covariates to a single index indicator (Rosenbaum and Rubin 1983) , the propensity score, which is an indicator of an observation's conditional probability to receive treatment. For reviews see e.g. Zhao (2004) and Morgan and Harding (2006) . 21 The matching relies on the assumption of conditional independence. This states that conditioning on the set of observable covariates X, the involvement of academics (treatment selection) is independent of the outcome of the counterfactual control case (Smith and Todd 2005) . 22 Hence the matching estimator is based on covariate matching and not propensity score matching.
contrast to propensity score matching, allows for exact matching. This means that it is possible to match treatment with control cases exactly, or as close as possible, on a subset of covariates. In this paper, it is preferable to match exactly on variables such as priority year and technological class, since the number of patent citations increases with patent age and varies highly between technological fields. The matching approach also allows for bias correction of the treatment effect, which adjusts for potential bias remaining after matching (see Abadie et al. 2004 ). I use this option by adjusting for potential bias introduced by unobserved differences between firm assignees. The matching is made with multiple controls and with replacement. Replacement means that each control case can be matched to several treatment cases. It has been shown that matching without replacement, i.e. where each control is uniquely matched to one treatment case, increases the number of "bad" matches (Morgan and Harding 2006) . Multiple controls means to match each treatment case to more than one control case. By adding controls, the variance is reduced, but at the expense of increasing bias due to higher likelihood of "bad" matches (Morgan and Harding 2006). Here I match each treatment case to four control cases, which has been suggested to perform well (Abadie and Imbens 2006) .
After matching, the average treatment effect on the treated (ATT) is calculated, by comparing the average outcome of the treatment cases with that of the counterfactual cases created by the matching procedure. The ATT can in this paper be interpreted as the average "contribution" of academic inventors to a firm patent's technological importance.
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To control for sensitivity of the calculated ATT to differences in matching, I also run estimations with and without exact matches and bias adjustments, as well as with different number of matches (see Table A6 in Appendix).
Data
For the empirical analysis, I sample Swedish academic patents from the KEINS database. This is a comprehensive database on European academic patent applications, containing European Patent Office (EPO) patents that have been matched with data on academic inventors. The database was constructed by identifying academic patents by matching patent inventors with academic scientists of all ranks (from assistant to full professor) (for a detailed account of the database and its construction, see Lissoni et al., 2006) .
From the KEINS database, all patent applications having Swedish academic inventors and firm assignees with priority years 1985-2000 were drawn.
24 PATSTAT 25 was used to collect all non-academic patent applications assigned to the firms identified as owners of the sampled academic patents. Only non-academic patent applications having at least one Swedish based inventor were included in the resulting sample. This means that the entire "population" of (academic and non-academic) patents assigned to some specific firms were sampled, rather than employing a random or matching sampling (cf. e.g. Henderson et al., 1998; Sampat et al., 2003) . The resulting database was cleaned from patent applications assigned to firms that were distinguished as university spin-offs. Similarly, firms having only academic patents in their 23 Note that although I in this paper talk about academic inventors as "affecting" the inventions they are involved in, this should not be interpreted in terms of pure causality. The quasi-experimental design used in the paper allows for inferring causality, but I cannot distinguish whether it is the academics that change the importance of patents or if they are involved in specific inventions. 24 In this paper, I include patent applications regardless of whether they have been granted or not, since I am interested in academic inventions overall and not only the ones regarded by patent examiners as patentable. 25 The version of PATSTAT used was an extract of all patents with Swedish-based inventors from KITeS PATSTAT database. The reason for complementing this database with the OECD citation database was that the data on forward citations was rather limited in this PATSTAT version. portfolio were dropped from the database. After cleaning the data, the sample consists of 7750 non-academic patents and 956 academic patents.
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PATSTAT was used to assign each sampled patent to the proper technological class according to the DT-7/30 re-classification of International Patent Classification (IPC) codes (see OST 2004) . The OECD citations database 2010 was used to retrieve all additional patent data, such as priority years and the number of patent citations. This database was issued by European Patent Office (EPO) together with the OECD, and contains detailed patent data covering all EPO applications, as well as all patents filed for under the "Patent Cooperation Treaty" (PCT), between 1978 and 2010. 27 To construct the generality and persistence indicators (see Table 1 ), a citation database was constructed using the OECD citation database. Starting from the initial sample of 8 706 patents, all generations of citations were collected. All in all, the database contains 215 332 citations. Due to limitations of the OECD citation database, only forward citations from EPO and WIPO patents are included in the citation database.
For the Swedish case, the list of academic scientists used to construct the KEINS database was created by collecting personnel lists from Swedish academic institutions in 2004 (see Lissoni et al., 2006) . 28 This means that those patent inventors identified as academics were employed at a university in 2004, but not necessarily at the time of the invention(s) in question. To control for this, I drew a random subsample of 50 out of the total 495 sampled academic inventors and assessed their career paths by online searches. In this subsample, all academic inventors were employed as a researcher at a university at the time of the invention(s). Since the distribution of patents over academic inventors is highly skewed, the same procedure was conducted for the inventors having the most patents in the sample. Also in this subsample, all inventors were affiliated to a university at the time of invention(s). Table 1 presents all dependent variables used in the empirical analysis, in terms of the indicators related to technological importance. The technological impact and the generality index are both indicators commonly used in patent studies and do not need to be explained further than the definitions provided in Table 1 . The measures related to the persistence of an invention's technological knowledge, however, warrants some further elaboration. The basic idea behind the indicators proposed in this paper is to, in different ways, capture the extent to which some part of a patent's knowledge have been spread and retained in its subsequent patents. Basically, higher persistence is interpreted as having higher impact down the line of subsequent inventions and thus higher influence on subsequent technological development. In this way, I follow Martinelli (2010) that developed an indicator ("persistence index") that captures how much of a focal patent's original knowledge persist in the end nodes of a patent citation network. The original idea was to analyze a technological field's "entire" patent citation network, using the persistence index to pinpoint important patents by analyzing patents' capacity to spread their knowledge to "recent" patents (end nodes) and thereby throughout the network. In this manner, the persistence index was used to find patents that have contributed significantly to the development of a technological field.
Variables
In this paper, I analyze patents in a broad set of technological fields, which calls for a different approach to measure persistence. Instead of analyzing only the endpoints I, in different ways, capture the extent to which a focal patents has been able to spread some part of its original knowledge to all subsequent patents. To do this, I introduce three related indicators, measuring persistence in different ways. The first measure is calculated as the number of subsequent patents found in the focal patent's longest citation path, i.e. the maximum "length". The longer the citation path following a focal patent the longer has some piece of its original knowledge "survived" by being embodied in more generations of subsequent inventions, In other words, it persisted longer in the sense that it has had a longer chain of reuse of the original knowledge. Second, I measure the average length of all of the focal patent's citation paths. The third measure is based on the persistence index, as proposed by Martinelli (2010) . The persistence index measures how much of a focal patent's original knowledge is retained, or reused, in a subsequent patent. The persistence index for the focal patent is calculated for each patent in its subsequent patent citation network in the following manner: if patent B cites the focal patent A and two other patents then patent B is considered to consist to 1/3 of knowledge from A. Following, if patent C cites patent B and one other patent it consists to 1/3*1/2=1/6 of knowledge from A, and so on and so forth. The persistence index of all subsequent patents is aggregated, thus measuring the accumulated persistence index over the patent citation network.
The persistence indicators capture the extent to which a patent's knowledge has been spread and retained in its subsequent patents. At the same time, higher persistence means that the patent has comparatively longer citation paths, which indicates that it is found earlier in the patent citation network than patents with lower persistence. Thus, patents with higher persistence can also be interpreted as being part of an earlier stage of a technology's evolution, as compared with patents with lower persistence.
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All outcome measures used in the paper are based on forward patent citations. For EPO applications inventors are not obliged to list all relevant prior art and patent examiners stand for most citations (see e.g. Alcácer and Gittelman, 2006) . It has been suggested that, for the EPO, inventor citations are more useful for analyzing knowledge flows (Criscuolo and Verspagen, 2008) . However, inventor citations stand for a very small share of all citations, and are therefore in practice difficult to use for the purpose of this paper. Moreover, I am here interested in the link between patents, not whether or not the inventors consciously drew on the cited inventions. Therefore, I make the assumption that examiner citations also indicate knowledge connections between patents, albeit possibly being a noisier indicator than inventor citations. There is empirical evidence indicating that this is a reasonable assumption; Duguet and MacGarvie (2005) for instance find an association between EPO patent citations and actual technology flow. Table 2 present the independent variables used in the empirical analysis, in terms of the set of characteristics chosen as covariates for the matching procedures. Those variables that influence both the probability of a patent having academic involvement and the respective outcome measure were included in the matching estimation. This means that each estimation include those variables that correlate with the treatment indicator (Academic involvement) and the respective outcome measure (see Table A5 in appendix). The number of citations received from subsequent patents -forward citations -is an established measure of technological impact, frequently used in the literature (e.g. Henderson et al. 1998; Sampat et al. 2003; Sapsalis et al. 2006 ).
Generality
A measure of the "generality" of a patent's technological impact, in terms of the extent to which subsequent patented inventions are spread across different technological classes (see e.g. Hall et al., 2001; Trajtenberg et al., 1997) . The variable is calculated as a Herfindahl index based on the 4-digit International Patent Classification (IPC):
where Sij is the share of citations received by patent i that belong to patent class j and Nj is the number of patent classes.
The variable takes a value between 0 and 1, and higher value means less concentration, thus influencing subsequent inventions in a higher variety of technological fields (i.e. higher generality of impact) (see e.g. Hall et al. 2001 ).
Persistence
Longest citation path The number of subsequent patents found in the focal patent's longest citation path (i.e. the maximum "length"). The longer the citation path following a focal patent the longer has some piece of its original knowledge persisted, in the sense that it has had a longer chain of reuse of the original knowledge.
Mean citation path
The average length of all of the focal patent's subsequent citation paths.
(Accumulated) Persistence index
This measure is based on the "persistence index", as proposed by Martinelli (2010) . The persistence index measures how much of a focal patent's original knowledge is retained, or reused, in a subsequent patent. The persistence index for a focal patent is calculated for each patent in its subsequent patent citation network and then aggregated, measuring the accumulated knowledge persistence over the patent citation network. The number of backward patent) citations. This is the references added to the search report to show the prior state of art as perceived as relevant for the application. Backward citations have been shown to correlate with the importance/impact of patents (e.g. Harhoff et al. 2003) .
XY backward citations (XY BPC)
The backward citations added to search reports by EPO examiners are "graded" according to how threatening the cited prior art is perceived to be to the novelty and inventive step of the claims presented in the patent application. Here two types of "grades" are of interest: "X"-the cited document can, taken alone, be considered as proof that the claimed invention is not novel and/or do not involve an inventive step; "Y" -the cited document, if combined with other cited documents of the same category, can be considered as proof that the claimed invention does not involve an inventive step (such combination would be seen as obvious to a person skilled in the art). I construct a dummy taking the value 1 if at least one backward citation has been graded as either category X or Y or both.
Application status Dummy to indicate whether the application has been granted or not.
Non-patent references (NPR)
Dummy variable for the existence of references to non-patent literature. Although there are some debates over the interpretation of non-patent references, there is some evidence of them indicating links between "science" and "technology" (e.g. Callaert et al., 2004) .
# Inventors
Included to control for the scope of the underlying research project, which could be seen as a proxy for the importance for the firm (see e.g. Sapsalis et al,. 2006) # IPC classes The number of patent classes according to the 4-digit IPC (international patent class) to check for patent scope (Lerner 1994) . This measure has been used as an indicator of the complexity of the examination task for patent examiners at the EPO, and thus as the complexity of the invention (Harhoff and Wagner, 2009 ).
Patent portfolio size
The number of patents in the firm's patent portfolio used to check for differences between firms in terms of patenting experience..
Dummies for priority year Dummies for the priority year of patent applications, indicating a period of five years each. Using narrower dummies was found to result in substantially worse matches. .
Dummies for technological class
Dummies for capturing the technological class of the patent according to the OST classification (see OST, 2004) 4 Results Table 3 presents the estimated average effect (ATT) of involving academics in firms' patented inventions. Broadly speaking, there are two types of academic inventions resulting in firmowned patents, based on whether the inventive activities took part inside or outside the firm. First, there are those patents where the inventions were created outside the firm by academics that later either "sold" the invention or transferred the patent rights to a firm. Second, there are those patents that were co-invented by the firms and the academic(s), resulting from academic inventor(s) working with the firm (as consultants or joint collaborators). In this paper, the focus is on the latter type, where academics and firms, to some extent, have co-invented the patent. In this paper, I assume that at least one firm inventor indicates a joint creation ("Co-invented academic patents"). Similarly, I assume that a patent having only academic inventors indicates that it has been created outside the firm by academics ("Externally invented academic patents").
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To control for bias of the results due to the inclusion of "externally" invented patents, Table 3 present the ATT for all academic patents as well as for only the "co-invented". The table shows a slightly higher average effect for the co-invented academic patents, but overall the results are similar.
Turning to the results for technological impact, the analysis show statistically significant average effect of approximately -0.5. This points to that academic involvement in firms' inventions results in patents with lower technological impact, with these patents on average receiving 0.5 forward citations less than non-academic patents. Moreover, the results indicate that academic involvement has a statistically significant positive effect on the generality of firms' patented inventions. This accordingly means that firms' co-invented academic patents, on average, are more general, in terms of the extent to which subsequent patented inventions are spread across different technological classes, as compared to their non-academic patents.
Furthermore, for the persistence of firms' patents the results demonstrate statistically significant and positive ATTs for all three measures used in this paper. These results indicate that the inventions with academic inventors, on average, have higher knowledge persistence in the sense that the original knowledge is reused over longer chains of subsequent patents. The result for the last indicator, measuring the accumulated persistence index, also points to that academic involvement, on average, leads to patented inventions which are able to spread their original knowledge to subsequent inventions to a larger extent.
The results of the sensitivity analysis are presented in Tables A6 in the Appendix. The tables reveal a slight sensitivity to the number of matches used for constructing the control group, but the results are otherwise similar to the main estimations presented in this section. 31 The sample consists of 186 "externally" invented and 770 "co-invented" academic patents.
Discussion and conclusions
By contrasting firms' academic and non-academic patents, this paper has investigated in what ways academic inventors affect the technological importance of firms' inventions. 32 The findings indicate a negative effect of academic involvement on the technological impact of firms' patents. Thus, no support was found for the conjecture that academics, using their scientific skills and knowledge, guide firms' inventive processes to more useful inventions with higher technological impact, as proposed in Hypothesis 1. At the same time, the results show a statistically significant positive effect of academic inventors on the generality and persistence of firms' patented inventions, as posited in Hypothesis 2 and 3.
Firms' academic patents thus have a more widespread impact (i.e. a wider applicability) as well as higher influence on subsequent technological development, but on average a lower direct impact. This suggests that firms' on average involve academics in inventions that, relatively speaking, lack direct usefulness for subsequent technological development. One possible interpretation of these seemingly contradicting findings is that firms' on average involve academics in early stages of technology development. Earlier stages of development entail a higher degree of exploration of technological possibilities, which would explain the higher generality of academic patents. It would also lead to these patents receiving, on average, relatively few patent citations, since the technology overall has not (yet) found a wider usefulness. Rather, the technology is in a relatively early stage, demanding more subsequent development before finding a wider usefulness, which means higher persistence.
More research is needed to shed light on the findings of this paper. One potentially fruitful way forward would be to investigate the nature of firms' academic patents in a qualitative manner. Moreover, further cross-country studies are needed for advancing our understanding, since a limitation of this paper is that the results might be due to some peculiarities of the Swedish case.
The findings of the paper confirm the fruitfulness of complementing the traditional indicators of technological impact with indicators based on patent citation networks rather than simply relying on direct citations. However, the persistence indicators introduced need to be further developed and evaluated. Future research studying firms' academic patents might also benefit from focusing on specific technological fields, studying patent citations using network approaches (cf. e.g. Fontana et al., 2009; Martinelli, 2010) . 32 The discussion will be further developed. 
